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Introduction
Ozone in surface air is harmful to public health (Bell et al., 2004) . It is produced by photochemical oxidation of volatile organic compounds (VOCs) in the presence of nitrogen oxides (NO x ≡ NO + NO 2 ). Both VOCs and NO x are emitted in large amounts in polluted regions by fuel combustion and industry. Ozone pollution is a particularly severe problem in China, 5 where the air quality standard of 82 ppb (maximum 8-h daily average) is frequently exceeded (Wang et al., 2017) .
Observations in eastern China have reported increasing ozone trends of 1-3 ppb a -1 over the past decade (Sun et al., 2016; Gao et al., 2017; Ma et al., 2017; Li et al., 2018) . The surface observations were very sparse until 2013, when data from a national network of ~1000 sites operated by the China Ministry of Ecology and Environment (MEE) started to become available. Here we use the MEE network data to demonstrate the ability of the space-based Ozone Monitoring Instrument 10 (OMI) to observe ozone pollution in China, and we use the OMI data going back to 2005 to infer long-term ozone pollution trends.
OMI measures atmospheric ozone absorption by solar backscatter in the UV (270-365 nm) (Levelt et al., 2006) . It follows a long lineage of UV satellite instruments (TOMS series starting in 1979, GOME series starting in 1995) directed primarily at monitoring the total ozone column. Retrieval of tropospheric ozone (only ~10% of the column) from these instruments has 15 mostly been done in the past by subtracting independent satellite measurements of stratospheric ozone (Fishman et al., 1987; Ziemke et al., 2011) . OMI has sufficiently fine spectral resolution to allow direct retrieval of tropospheric ozone although the sensitivity decreases toward the surface because of Rayleigh scattering (Liu et al., 2010) . The direct retrieval typically provides one piece of information for the tropospheric ozone column weighted towards the middle troposphere (Zhang et al., 2010) . 20 A number of previous studies have shown that satellite observations of ozone can detect surface ozone pollution events (Fishman et al., 1987; Shim et al., 2009; Eremenko et al., 2008; Hayashida et al., 2008; ) , including for Chinese urban plumes (Kar et al., 2010; Hayashida et al., 2015) . Even if sensitivity to the lower troposphere is low, the enhancements can be sufficiently large to enable detection. However, no quantitative comparison to surface observations has so far been done.
Surface ozone network data are available in the US and Europe but levels are generally too low to enable statistically 25 meaningful validation. The MEE network in China provides a unique opportunity.
Data and Methods
We use the OMI Ozone Profile retrieval (PROFOZ v0.9.3, level 2) product (Liu et al., 2010; Kim et al., 2013; Huang et al., 2017 Huang et al., , 2018 (Levelt et al., 2006) . Partial ozone columns are retrieved by PROFOZ for 24 vertical layers, of which 3-7 are in the troposphere with pressure levels dependent on tropopause and surface pressure (Liu et al., 2010) . The retrieval uses a Bayesian optimization algorithm with prior information from the McPeters et al. (2007) climatology varying only by latitude and month. Averaging kernel matrices quantifying retrieval sensitivity are provided for individual retrievals. The trace of the averaging kernel matrix 5 below a certain retrieval pressure (degrees of freedom for signal or DOFS) estimates the number of independent pieces of information on ozone profile below that pressure. The DOFS for the tropospheric ozone column in summer as retrieved by PROFOZ is about 1 (Zhang et al., 2010) . The PROFOZ tropospheric retrievals have been successfully validated with ozonesonde data (Huang et al., 2017) .
We focus on summer when ozone pollution in China is most severe and when OMI has the strongest sensitivity (Zhang et al., 10 2010) . Since 2009, certain cross-track OMI observations have degraded because of the so-called row anomaly (Kroon et al., 2011; Huang et al., 2017 Huang et al., , 2018 . We only use pixels that (1) pass the reported quality checks, (2) have a cloud fraction less than 0.3, and (3) have a solar zenith angle less than 60°. We exclude outliers with over 35 Dobson Units (DU) at 850-400 hPa (>99 th percentile in eastern China) and exclude July 2011 when the retrievals are anomalously high.
The DOFS below 400 hPa over eastern China are in the range 0.3-0.6 ( Figure 1a ). The DOFS are generally higher in the 15 south than in the north due to higher solar elevation in the south, and higher over China than in background air at the same latitude due to higher ozone abundances. We use DOFS > 0.3 in Figure 1a as criterion for further analysis; this excludes northern and western China. Although 0.3 is a relatively low DOFS threshold, the prior estimate is uniform other than a fixed latitudinal gradient in background ozone. To remove this gradient and also any long-term uniform drift in the data, we subtract the monthly mean Pacific background (150 o E-150 o W) for the corresponding latitude and month. The residual 20 defines an OMI enhancement over China that we use for further analysis. This subtraction requires that we use a common pressure range for the OMI observations over China and the Pacific, but the OMI retrievals have variable pressure ranges depending on the local tropopause and surface pressures (Liu et al., 2010) . The three lowest layers in the retrieval (L24-L22) have pressure ranges at sea level of approximately 1000-700 hPa, 700-500 hPa, and 500-350 hPa, and all contain some information on boundary layer ozone ( Figure S1 ). Here we choose the pressure range 850-400 hPa to define the OMI 25 enhancement relative to the Pacific background, and compute OMI columns for that pressure range by weighting the local L24-22 retrievals. The 850 hPa bottom pressure allows for topography.
To evaluate the ability of the OMI ozone enhancements to detect surface pollution, we use surface ozone measurements from the MEE network available for [2013] [2014] [2015] [2016] [2017] (1)
where the error standard deviation (precision) of 10.7 ppb is inferred from the scatterplot. With such a precision, OMI can 20 provide useful information on surface ozone levels in polluted regions.
Capturing the day-to-day variability of surface ozone leading to high-ozone pollution episodes is far more challenging because of noise in individual retrievals. Figure 1f shows the OMI vs. MEE temporal correlation for the daily data.
Correlation coefficients are consistently positive and statistically significant, but relatively weak. They are higher in South China (R = 0.3-0.6) than in North China (R = 0.1-0.3), reflecting the pattern of OMI information content (DOFS) in Figure  25 1a. This implies that OMI can provide statistical rather than deterministic temporal information on ozone pollution episodes, and we describe our statistical approach further down.
We examine in more detail the sensitivity of OMI to boundary layer ozone and its day-to-day variability versus the free troposphere by comparing to summertime 2005-2016 Hong Kong ozonesonde data. Figure 2a shows the measured Atmos. Chem. Phys. Discuss., https://doi.org/10.5194/acp-2018-1246 Manuscript under review for journal Atmos. Chem. Phys. Discussion started: 10 December 2018 c Author(s) 2018. CC BY 4.0 License.
ozonesonde profiles (in ppb) mapped on a 100 hPa grid and selecting only the days when concurrent OMI retrievals are available (n = 57). The boundary layer ozone (950-850 hPa) in the ozonesonde data has large day-to-day variability, ranging from 20 to 120 ppb with a mean of 47 ppb. The variability in the free troposphere is much less. Figure 2b shows the ozonesonde data smoothed by the OMI averaging kernel sensitivities for the corresponding retrievals.
The retrievals over Hong Kong have a mean DOFS of 0.46 below 400 hPa. We see from Figure 2c that the OMI information 5 is weighted toward the free troposphere but there is sensitivity in the boundary layer. The L23 ozone smoothed from the ozonesonde data in Figure 2b has a correlation coefficient of 0.75 with the 950-850 hPa ozone in the original data. Figure 2d shows the OMI ozone retrievals coincident with the ozonesondes. We see that there is an overall good match with the sonde data smoothed by the averaging kernels. But we are most interested here in the ability of the OMI retrievals to detect the boundary layer (950-850 hPa) variability in the original ozonesonde data, before applying the averaging kernels. 10
The temporal correlation coefficients of the 950-850 hPa ozonesonde data with the OMI retrievals at different levels are given in Figure 2d . The correlation coefficient with L23 OMI ozone is 0.51 (p<0.05), and the correlation coefficient with the 850-400 hPa OMI ozone constructed by weighting the L24-L23-L22 retrievals is 0.50. Figure 2e shows a scatterplot of the latter. We see that high-ozone episodes in the 950-850 hPa sonde data are systematically associated with high OMI values, though the converse does not always hold. For the 8 boundary layer episode days (> 82 ppb), the average OMI 850-400 hPa 15 ozone is 23.7±3.1 DU, significantly higher than for the non-episode days (18.2±4.1 DU). The Hong Kong ozonesonde data thus demonstrate the potential of OMI to quantify the frequency of high-ozone episodes in the boundary layer even if it may not be reliable for individual events. been used previously to relate the probability of extreme air pollution conditions to meteorological predictor variables (Rieder et al., 2013; Shen et al., 2016 Shen et al., , 2017 ) but here we use the OMI enhancement as predictor variable. We fit the model to all daily concurrent observations of surface ozone and OMI ozone enhancements for the ensemble of eastern China sites in Figure 1 (148,220 observations for summers 2013-2017) . The probability of exceeding the threshold at a site i should depend not only on x i,t but also on its time-averaged value x i , because a high value of x i means that a higher x i,t is less anomalous 5 and more likely to represent an actual ozone exceedance than for a site with low x i . Thus the model has two predictor variables, x i,t and x i .
Details of the PP model can be found in Cole (2001) . The model fits three parameters that control the shift, spread and shape of the high-tail pdf. The fit minimizes a cost function L given by 
The model is optimized using the extRemes package in R (Gilleland and Katz, 2011). We performed a 10-fold cross validation of the model, in which we partitioned the sites into 10 equal subsets and repeatedly used one subset as testing data and the rest as training data. The results show that the predicted fraction of ozone episodes resemble that of observed, with a spatial correlation of 0.68 (Figure 4a-b) . 82 ppb corresponds to the 80 th percentile of the data, which is a relatively low 5 threshold for application of extreme value theory. However, we find that the resulting model can also accurately estimate the probability of exceedance above higher thresholds (Figure 4c) , which confirms the property of threshold invariance of an extreme value model (Cole, 2001) . We also tested the model with uniform location or scale factors, neither of which can reproduce the observed spatial distribution of ozone episodes.
We can use the long-term OMI ozone record for 2005-2017 to infer trends in surface ozone over China. Figure 5 (Zheng et al., 2018) . We tried to diagnose a finer temporal structure in the OMI trend but were unsuccessful because of noise, as illustrated in Figure S2 with the annual time series of high-ozone episodes for BTH. The interannual variability amplifies after 2009, which may be related to degradation of OMI data quality due to the 25 row anomaly (see Data and Methods section).
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Discussion and conclusion
The GEMS (Geostationary Environment Monitoring Spectrometer) satellite instrument is expected to launch in 2019 and will observe East Asia with a spectral range, resolution, and accuracy similar to OMI (Bak et al., 2013) . GEMS will have much higher data density than OMI including finer pixels (7×8 km 2 vs. 13×24 km 2 ) and more frequent return time (hourly vs. 5 daily). Our results suggest that the continuous measurements from GEMS should be of considerable value for monitoring ozone pollution episodes in the region. The TEMPO (Tropospheric Emissions: Monitoring of Pollution) geostationary satellite instrument to be launched around 2020 over North America will have a spectral range extending to the visible Chappuis bands where ozone detection sensitivity remains high down to the surface (Zoogman et al., 2011 (Zoogman et al., , 2017 ). This will allow for improved observations of surface ozone, particularly where concentrations are not as high as they are presently in 10
China.
In summary, we have used the dense 2013-2017 ozone network data from the China Ministry of Ecology and Environment (MEE) to evaluate the ability of the OMI satellite instrument to map the distribution of surface ozone pollution in China and detect high-ozone episodes on a daily basis. Although the OMI retrieval for tropospheric ozone is weighted toward the middle troposphere, it can also detect elevated levels in the boundary layer as shown by analysis of Hong Kong ozonesonde 15 data. We removed the monthly mean latitude-dependent Pacific background to define OMI enhancements over China. From there we found that the OMI observations can quantify mean summer afternoon surface concentrations of ozone over China with a precision of 10.7 ppb, and can reproduce the observed spatial variability of these concentrations (R = 0.73). Day-today correlation coefficients between OMI enhancements and the surface ozone network data are in the range 0.3-0.6 in southern China and 0.1-0.3 in northern China, implying that the frequency of high-ozone episodes can be detected from OMI 20 on a statistical basis. OMI enhancements are significantly higher on observed surface episode days (>82 ppb, corresponding to the Chinese air quality standard threshold) relative to non-episode days. We used a point process model from extreme value theory to successfully infer the probability of surface ozone exceeding 82 ppb or higher thresholds on the basis of the daily observed OMI ozone enhancements. The long-term OMI record shows a general increase in mean summertime surface ozone and in the frequency of high-ozone episodes across eastern China for the 2005-2017 period. Our method for inferring 25 surface ozone pollution and the frequency of high-ozone episodes from the OMI data can be applied to countries outside China where surface observations are not available.
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